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Computational Details

Machine learning protocol

Neural networks architecture. The neural networks architecture was implemented in TensorFlow
(1) to predict the properties (ωi, μi��� , Jij) f from the geometric Coulomb Matrix (CM) descriptors of
the NMA and part of GLDP molecules. The NN consists of one input layer, three hidden layers and
one output layer, and the number of hidden layer neurons are 32, 64 and 128, respectively. The
Rectified Linear Unit activation function (2) and Adam optimizer (3) were used for NN training.
The L2 regularization (4) technology was used to prevent overfitting problems in NN training. We
optimized the Hyperparameters by using random search algorithms (5) in TensorFlow to create a
reasonable ML protocol.

Molecular Dynamics Simulations

SARS: Molecular dynamics simulations for SARS-CoV-1 (PDB Code:2amq) were performed with
the GROMACS package (6) and the OPLS-AA force fields (7). Periodic boundary conditions were
imposed on a central cell containing one SARS-CoV-1 and 35056 TIP3P water molecules.
Electrostatic interactions were treated by the Particle mesh Ewald method and Coulomb
interactions were truncated at 12.0 Å. Energy minimization was performed for 50,000 cycles for
each protein. Thereafter an equilibration process in NPT ensemble with an integration timestep of 2
fs ran for 0.5 ns (7). Production dynamics were performed for a period of 2 ns in the NPT ensemble
at 300K while maintaining pressure at 1 atm. 1000 configurations were extracted with a 2 ps
interval for calculating the IR spectra.

The Stride program carries out the secondary structure content analysis according to the following
algorithm (8):

“the weighted contributions of both the secondary structure forming hydrogen bonds (characterized

by hydrogen bond energies) and the backbone torsion angles (characterized by ϕ, ψ values) are

adopted to calculate percentages of α-helices and β-strands in a protein. A unified threshold for

these quantities for all types of hydrogen bonded patterns is used for precise tuning of recognition

parameters. Crystallographers' assignments as provided in hundreds of available coordinate sets are

used systematically for tuning the thresholds in the recognition procedure.”
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Criteria of the snapshots chosen and the time steps of the obtained snapshots

The criteria of the snapshots chosen and the time steps of the obtained snapshots were stated as

below:

(1) For the snapshots of SARS-CoV-1 were chosen from 2 ns MD simulation, in total 1000

configurations were extracted with a 2 ps time step interval for calculating the IR spectra.

(2) For the snapshots of SARS-CoV-2 were chosen from 10 us MD simulation, in total 10000

configurations were extracted with a 1 ns time step interval for calculating the IR spectra.

(3) For the snapshots of SARS-CoV-1-ACE2 were chosen from 10 us MD simulation, in total 8334

configurations were extracted with a 1.2 ns time step interval from start time 1200ps – 10us for

calculating the IR spectra.

(4) For the snapshots of SARS-CoV-2-ACE2 were chosen from 10 us MD simulation, in total 8334

configurations were extracted with a 1.2 ns time step interval from start time 1200ps – 10us for

calculating the IR spectra.

(5) For the snapshots of Trimeric SARS-CoV-2 spike glycoprotein (closed state) were chosen from

10 us MD simulation, a total of 8334 configurations were extracted with an 1.2 ns interval from

start time 1200ps – 10us (contains 9 trajectories, 1000 snapshots for No.1-8 trajectories, 334

snapshots for No.9 trajectory). We chose the first 800 snapshots in each of No.1-8 trajectories (6400

in total) to calculate the IR spectra.

(6) For the snapshots of Trimeric SARS-CoV-2 spike glycoprotein (opened state) were chosen from

10 us MD simulation, a total of 8334 configurations were extracted with a 1.2 ns interval from start

time 1200ps – 10us(contains 9 trajectories,1000 snapshots for No.1-8 trajectories, 334 snapshots for

No.9 trajectory). We chose the first 800 snapshots in each of No.1-8 trajectories (6400 in total) to

calculate the IR spectra.
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ML-predicted IR spectra of SARS-CoV-2 during 10us MD simulation

Fig. S1. ML-predicted IR spectra of SARS-CoV-2 (PDB: 6LU7) during 10us MD simulation (Each

trajectories contains 1000 snapshots).

Fig. S2. Amide I IR spectra of the SARS-CoV-2 by computed average with 1000 (black line), 5000

(red line) and 10000 (blue line) snapshots.
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ML-predicted IR spectra of Trimeric SARS-CoV-2 spike glycoprotein in closed

state and open state

Fig. S3. ML-predicted IR spectra of Trimeric SARS-CoV-2 spike glycoprotein in closed state and

open state (Each trajectories contains 800 snapshots).
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ML-predicted IR spectra of different S proteins

Fig. S4. Amide I IR spectra of S protein (Sa), and S protein missing part of the skeleton (Sb and Sc).
All the Lorentzian bandwidths were 8 cm-1.

Table S1. The secondary structure content (computed using Stride) of different S protein.

Content
State β-strands β-turns α-helix 310-helices Coil

a 32.3% 22.1% 9.4% 7.8% 27.7%
b 34.3% 23.3% 10.6% 5.2% 26.4%
c 34.7% 21.1% 8.0% 6.3% 29.5%
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